Context dependency is a key challenge emerging in metacommunity ecology, which is hindering the development of general ecological theories. River networks and other dendritic systems provide unique systems for examining variation in the processes shaping biodiversity between di erent metacommunities. We examined biodiversity patterns in five benthic invertebrate datasets, from two drainage basins in central Germany, with the aim of exploring context dependency in these systems. We used variance partitioning to disentangle the variation explained in three biodiversity metrics, including the local contribution to beta diversity (LCBD; a measure of the uniqueness of a site), by proxies of network position (i.e. catchment size and elevation) and local environmental conditions. Contrary to expectation, we found no evidence of a decline in LCBD downstream in our study. Local habitat conditions and catchment land use played a much stronger role than catchment size and elevation in explaining biodiversity metrics. Observed patterns were highly variable between di erent datasets in our study. These findings suggest that factors shaping biodiversity patterns in these systems are highly context dependent and less related to their position along the river network than local habitat conditions. Given the clear context dependency between datasets, we urge researchers to focus on disentangling the factors driving the high levels of variability between individual systems through the simultaneous study of a number of replicate metacommunities. 
Introduction
Biodiversity is under threat worldwide through a variety of processes such as land use change, eutrophication and invasive species (Dudgeon et al. 2006 , Vörösmarty et al. 2010 . It is, therefore, imperative that we continue to enhance our understanding of the patterns in and processes shaping biodiversity to enable better predictions of its future changes. While clearly linked, the alpha, beta and gamma components of biodiversity (Whittaker 1960) can be shaped by a di erent suite of processes operating at di erent scales (Angeler and Drakare 2013) and thus require continued advances in the approaches to disentangle their relative roles. Meta-25 community theory presents one such advancement that has facilitated a rapid enhancement of the understanding of processes operating beyond the local scale (Leibold et al. 2004 , Holyoak et al. 2005 . Metacommunities are essentially multiple communities connected via dispersal of species (Leibold et al. 2004 ). Thus, disentangling metacommunity patterns and underlying processes requires an understanding of not only local influences (i.e. species sorting), but also 30 spatial processes such as dispersal (Holyoak et al. 2005) . The relative influence of these factors typically depends on the gradient of environmental conditions available (Jackson et al. 2001) or the spatial extent of a particular metacommunity (Heino et al. 2015e) . Given the strong ties between the theoretical foundations of metacommunity ecology and the drivers of beta diversity, understanding beta diversity patterns also necessitates hypotheses developed 35 in the context of metacommunity theory (Heino et al. 2015d) .
Beta diversity, which can be broadly summarised as the variation in composition of communities between sites within a predefined area, has received increasing attention in recent years (Anderson et al. 2011) , despite its inception in the early 1960s (Whittaker 1960) . However, beta diversity has proven to be a hotly-debated topic, particularly related to the fact 40 there is a plethora of methods now available for its calculation. These can be largely broken down into two broad categories: one measuring turnover and another measuring overall variation (Anderson et al. 2011) . Turnover, refers to the directional change in composition from one location to another in relation to some form of gradient (e.g. environmental, spatial or temporal). Variation in community composition, on the other hand, does not consider a 45 gradient of change, but simply the overall variation in community composition between a set of sites. Legendre and De Cáceres (2013) recently proposed a highly adaptable method to quantify beta diversity as the total variation in a site-by-species community matrix, based on a variety of transformations and distance measures. One benefit of this method is its ability to also identify the local site-based contributions (LCBD) and the individual species contribu-50 tions (SCBD) to overall beta diversity in a dataset. LCBD allows, for instance, identification of individual sites or areas that contribute more or less than average to overall beta diversity, thus it is essentially a measure of the uniqueness of individual sites within a metacommunity. This, in turn, enables the disentanglement of factors underlying metacommunity (or regional) biodiversity patterns.
son and Townsend 2006 , Canedo-Arguelles et al. 2015 , Tonkin et al. 2015a , or through di erences in the characteristics of the environmental setting (Heino et al. 2015a) . Such context dependency can lead to di erences in the importance of environmental or spatial factors on metacommunities within di erent defined areas . Among others (e.g. floodplain lake fishes Fernandes et al. 2014) , one particular system shown to exhibit strongly context-dependent patterns is the running water system, with di erent patterns typically emerging between di erent catchments, studies, locations and years (Er s et al. 2013 , Heino et al. 2015c . In fact, stream metacommunities have proven to be extremely di cult to predict (Heino et al. 2015c ). For instance, Heino et al. (2015b) recently found consider-70 able variation in metacommunity structure, examined through emergent properties of matrix structure, between di erent freshwater organismal groups and drainage basins.
Metacommunity studies have been biased towards systems with discrete habitat boundaries (Logue et al. 2011) . However, streams and rivers are ideal systems for testing metacommunity concepts and beta diversity patterns, due to their isolated position embedded within 75 the terrestrial landscape and owing to their hierarchical dendritic organisation (Campbell Grant et al. 2007 , Altermatt 2013 , variety of habitat types, and disproportionately high biodiversity (Vinson and Hawkins 1998, Vörösmarty et al. 2010) . This organisation and associated physical unidirectional flow can have strong implications on the way in which organisms disperse, dictating metacommunity dynamics and subsequently the organisation of biodiversity (Camp-
80
bell Grant et al. 2007 , Brown and Swan 2010 , Altermatt 2013 , Swan and Brown 2014 . In fact, for beta diversity in particular, other drivers and stressors of stream biodiversity such as climate, flow and biogeography may be swamped by the sheer influence of the positioning within a river network (i.e. headwaters vs. downstream) (Finn et al. 2011) . Headwaters have historically been considered as relatively depauperate (particularly at the alpha diversity 85 level) compared to locations further downstream (i.e. mid-orders) the river network (e.g. the River Continuum Concept; Vannote et al. 1980) . However, it is now clear that much of the catchment-wide biodiversity in these systems is likely to be situated in the headwaters (Finn et al. 2011 , Besemer et al. 2013 ). While Besemer et al. (2013) showed this can emerge for both alpha and beta diversity for microbes, a more commonly-observed pattern for larger 90 organisms is an increase in alpha diversity and decline in beta diversity downstream (Finn et al. 2011 ). Higher beta diversity in headwaters may result from their spatial isolation and thus limited dispersal rates Swan 2010, Finn et al. 2011) , considerable environmental heterogeneity between streams (Clarke et al. 2008 ) and their numerical dominance over downstream sections due to the dendritic organisation (Benda et al. 2004) .
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Greater beta diversity in headwaters suggests that each stream contributes a larger proportion to gamma diversity compared to other sections, but also to overall beta diversity. In fact, the local (e.g. niche/habitat) vs. regional (e.g. dispersal-related processes) control is likely to di er between di erent locations in the river network (Brown and Swan 2010) . Therefore, in this study, we applied techniques to disentangle this local contribution to beta 100 diversity (LCBD) in relation to their position within the river network. Given the indication of strong context dependency in metacommunity patterns, it is important to explore these issues across multiple environmental settings (see Heino et al. 2015c ). Thus, we focused on five separate datasets spread between three years and two separate catchments with similar spatial extents. In particular, we examined benthic invertebrate communities from 124 streams 105 and rivers in the Weser and Main drainage basins of central Germany. Benthic invertebrates contribute significantly to the biodiversity of streams (Strayer 2006) and have central position in the functioning of these ecosystems (Allan and Castillo 2007) , making them ideal focal organisms to test metacommunity concepts and biodiversity patterns.
We tested the following four hypotheses: H1. Alpha diversity increases downstream (in-110 creasing catchment size) and with decreasing elevation, but LCBD decreases simultaneously (Finn et al. 2011) . H2. Strong context dependency in observed patterns and environmental predictors emerges between di erent datasets (Heino et al. , 2015c . Consistent patterns between the five datasets would indicate similarity in processes shaping these stream metacommunities, whereas di erent patterns would indicate a certain level of context depen-115 dency between datasets. H3. Despite our first hypothesis (H1), due to the largely non-pristine nature of this region and impaired regional species pools, environmental variables are more important in explaining biodiversity than the physical position within the network. H4. LCBD is more di cult to predict than taxonomic richness. To test these hypotheses, we partitioned the variation in our response variables between catchment size (as a direct proxy for position along the river network; larger streams are further downstream), elevation (indirectly related to network position) and selected environmental variables for predicting stream macroinvertebrate biodiversity patterns.
Methods

Study sites
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We collated data from low mountain streams and rivers in the central German state of Hesse. These streams belong to the Central Highlands ecoregion (stream types 5-9, and 19 [small streams in riverine floodplains, independent of ecoregion]). Sites were sampled between 2005 and 2007 and each site was sampled once during this period.
For the purpose of our study, we delineated two catchments, a northern and southern: 130 the Weser River to the North and the Main River to the South. To adequately examine metacommunity dynamics, it is important to limit metacommunities to those that are able to interact through dispersal and thus to consider individual years separately (Heino et al. 2015c) . Therefore, we divided these two catchments into di erent years as individual metacommunities. This left us with six potential replicate datasets. We employed a criterion of a 135 minimum of fifteen sites per catchment per year to be included in the analysis. This resulted in five replicate datasets, two from the northern catchment (2005, 2007) and three from the southern (2005) (2006) (2007) , with a final number of 124 sites (North: dataset A -18, B -27; South: C -28, D -28, E -23; Fig. 1 ). We hereafter refer to these as datasets, rather than catchments as, while each site was only considered once, only two broad catchments are included, with 140 temporal replicates.
We removed all sites with catchment sizes greater than 300 km 2 as these few sites can bias the patterns observed. Thus, catchment sizes ranged between 7 and 280 km 2 , with a mean of 64 km 2 (Table S1 ). Mean site elevation was 167 m a.s.l., ranging between 84 and 379 m a.s.l. Both catchment size (one-way ANOVA: F 4,119 = 7.09, P < 0.0001) and elevation
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(F 4,119 = 22.58, P < 0.0001) di ered significantly between the five datasets (Table S2 ).
• 0km 40km 80km N N N N N N N N N N N N N N N N N N N N N N N N 0km 40km 80km N N N N N N N N N N N N N N N N N N N N N N N N N 0km 40km 80km N N N N N N N N N N N N N N N N N N N N N N N N N 0km 40km 80km N N N N N N N N N N N N N N N N N N N N Sites in the two northern datasets (the same general region but sampled in di erent years and di erent individual sites) were at higher elevation than those in the southern datasets (Tukey's HSD < 0.05 between all datasets of northern and all southern basins, but not within the basins). Catchment size di erences were less clear, however, with datasets D and E having 150 greater catchment sizes than dataset C, and dataset E greater than A (Tukey's HSD < 0.05).
Sampling
Benthic invertebrates were sampled by German governmental environmental agencies following the o cial EU Water Framework Directive (WFD) compliant sampling protocols for German streams (Haase et al. 2004 ). This sampling method uses a multi-habitat approach by taking 155 20 sample units from each site, based on the proportion of microhabitats present at a site. More specifically, all microhabitats in a 100-m long reach were first recorded in 5% coverage units, and each sampling unit (25 ◊ 25 cm) sampled with a 0.5-mm mesh kick net. Twenty sample units were taken from each site and then pooled for later analysis (1.25 m 2 total sampling area). These microhabitat values were recorded for use in subsequent analyses and 160 can be found in Table S2 . Collected samples were stored in 70% ethanol and identified in the laboratory to consistent levels between sites, as proposed by Haase et al. (2006) (i.e. EU-WFD-compliant operational taxon list for German running waters). To partially control for major anthropogenic stressors, we removed heavily polluted sites using the German saprobity index. We removed all sites with worse than "medium" saprobity scores.
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Environmental variables
In addition to the microhabitat variables (Table S2) , catchment land use was calculated for the entire upstream catchment area of each site using data from the CORINE Land Cover database (Bossard et al. 2000) . We grouped CORINE classes into seven coarser classes (artificial, agriculture, forest, shrub, natural bare, wetlands, water), but due to low percent coverage of 170 some classes, only artificial, agriculture, forest and shrub were kept for our analyses. These were used as explanatory variables in the analyses.
Data analysis
All statistical analyses were carried out in R 3.1.1 (R Core Team 2013).
To test the null hypothesis that there was no di erence in the degree of environmen-
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tal heterogeneity between the five datasets, we tested for homogeneity of group dispersions (PERMDISP2) (Anderson 2006 ) using the 'betadisper' function in the R package vegan (Oksanen et al. 2013 ). This method uses the ANOVA F -statistic to compare the within-group distances to each group centroid, and tests for significance between groups using permutation. We tested for di erences using normalised environmental variables and Euclidean distances.
Where significant, we compared between individual datasets using pairwise Tukey's HSD tests. We ran these tests both inclusive and exclusive of catchment size and elevation, to observe their influence.
As beta diversity should increase with increasing spatial extent (Bini et al. 2014 , Heino et al. 2015d ), we also assessed whether there were any di erences in the spatial extent of 185 each dataset using the same approach on geographic coordinates and found no di erences (F 4,119 = 1.09, P = 0.364).
Multiple approaches to measure beta diversity are often required, depending on the question of interest, as di erent measures describe distinct aspects of beta diversity (Anderson et al. 2011) . To calculate catchment beta diversity measures, we followed the methods devel-190 oped by Legendre and De Cáceres (2013) . We examined overall beta diversity (BD_Total) and local (i.e. individual site-based) contribution to beta diversity (LCBD) using the beta.div function, based on the R code provided by Legendre and De Cáceres (2013) . We based our approach on Hellinger-transformed data (i.e. raw abundance data, using the "hellinger" method in "beta.div"). The LCBD metric is essentially an indicator of the uniqueness of each 195 site to the entire metacommunity (or, in our case, each dataset).
To summarise di erences between the biodiversity of the five datasets, we compared local taxonomic richness, Simpson's diversity index, dataset gamma diversity and total dataset beta diversity (BD_Total). We calculated Simpson's diversity index (1-D) using the "diversity" function in the R package vegan (Oksanen et al. 2013) . We compared mean taxonomic 200 richness and Simpson's diversity index using one-way ANOVAs, followed by pairwise Tukey's HSD tests, when significant di erences were observed. Gamma diversity and BD_Total could not be compared statistically as they only had one value per dataset.
To test the relationships between catchment size (as a proxy for network position) and elevation, and taxonomic richness, Simpson's diversity and LCBD, we ran simple linear re-gressions, using log-transformed catchment size and elevation.
To examine the extent of context dependency between datasets and the importance of environmental variables, we partitioned the variation in our response variables between combined local habitat and catchment land use (environmental), elevation and catchment size separately for each dataset. As we were specifically interested in both catchment size and 210 elevation, we always forced them in the variance partitioning approach. For the environmental variables, we used forward selection of normalised variables to select significant variables using the 'ordistep' procedure in linear regression (i.e. a single response variable) in the vegan package (Oksanen et al. 2013) . We set models to include variables with a P < 0.05 and subsequently remove them with a P > 0.1, and we set the number of permutations to the 215 number required for each case with respect to our defined P value.
We then ran variance partitioning (Borcard et al. 1992 , Anderson and Gribble 1998 , PeresNeto et al. 2006 ) for each of the single response variables in each dataset, using the 'varpart' function in vegan. Given we modeled single response variables, the partitioning was based on partial linear regression. This method partitions the variation between the pure e ects of 220 each variable (i.e. catchment area or elevation), or group of variables (i.e. local environmental variables), and the shared variance explained. In this case, we had three independent variable groups. This resulted in seven individual components of variation and unexplained variation.
Results
Environmental
225
Environmental heterogeneity di ered between the five datasets (between catchment A and C specifically; Tukey's HSD < 0.05), both with (F 4,119 = 3.84, P = 0.006) and without (F 4,119 = 4.53, P = 0.001) catchment size and elevation included (Fig. S1 ). Taxonomic richness averaged 28 taxa per site and was lower in dataset C than A, but no pairwise di erences were evident between any other datasets (F 4,119 = 3.94, P = 0.005; Fig. S2 ). Simpson's diversity 230 index averaged 0.81 at each site, but did not di er between the five datasets (F 4,119 = 2.19, P = 0.074; Fig. S2 ). Basin-level gamma diversity ranged between 148 taxa in dataset B to 184 in dataset D, and BD_Total between 0.51 in dataset B to 0.67 in datasets C and E (Fig. S2 ). Alpha and gamma diversity was lowest, and beta diversity highest in dataset C, corresponding with the highest environmental heterogeneity in this dataset (Fig. S1 ).
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Regressions
Linkages between catchment size or elevation and the three response variables were highly variable between the five datasets ( Fig. 2; Table 1 ). Catchment size was rarely important for predicting biodiversity, with only one identified relationship with richness or LCBD and none for Simpson's index ( Fig. 2; Table 1 ). The significant relationships exhibited increases with 240 increasing catchment size ( Fig. 2; Table 1 ). Elevation was more often linked with the indices. Table 1 .
Richness increased with elevation in three of the five datasets, Simpson's index in two and LCBD index in one. and LCBD (local contribution to beta diversity). D.F. = Degrees of freedom, Sig. = Significance. * = P < 0.05, ** = P < 0.01, *** = P < 0.0001. 
Variance partitioning
Forward-selected environmental variables di ered considerably between the five datasets and three biodiversity metrics (Table 2 ; Fig. 3 ). In fact, there were very few selected variables 250 shared between di erent datasets or metrics. Land use variables were often selected, but di ered between datasets and included agriculture, forest, shrub and artificial landforms.
Variance partitioning showed a high level of variability between the di erent datasets and biodiversity metrics (Fig. 3) . Richness tended to have the highest variance explained (Adj. = 0.54). However, there was considerable variability in the adjusted R 2 between datasets for each metric (Fig. 3 ).
This variability was reflected for the individual variation partitions. For instance, the pure e ect of catchment size was unimportant in most datasets (mostly 0% explained). However, 260 pure catchment size explained 25% for richness in dataset B and combined with the shared influence of environmental variables this was increased to 34%. The pure e ect of elevation more regularly explained a substantial proportion of variation in all metrics, but was also highly variable (0-35% for richness, 0-17% for Simpson's index, and 0-7% for LCBD). Environmental variables regularly explained a much higher proportion of the variability than catchment size . Negative values are not shown. The unexplained portion is shown in the bottom right of panels (Resid. = Residual). Forward-selected environmental variables can be found in Table 2. or elevation for all biodiversity metrics. The pure e ect of environment ranged from 2 to 68% for richness, 23 to 43% for Simpson's index, and 13 to 55% for LCBD. 
Discussion
We examined patterns of biodiversity in relation to key environmental gradients in stream macroinvertebrate communities in central Germany. Our five datasets (two catchments and three years) showed considerable variability in the amount of variance explained, the impor-275 tance of catchment size or elevation for local taxonomic richness, diversity and local contribution to beta diversity (LCBD), and the e ects of environmental variables selected for variance partitioning. The mechanisms with which metacommunities are governed can be highly variable and may operate intermittently (Driscoll and Lindenmayer 2009 , Er s et al. 2012 , Fernandes et al. 2014 . Therefore, we hypothesised that there would be strong context 280 dependency in the observed patterns, not least because the structuring of stream metacommunities in particular can be highly context dependent between di erent catchments . Not only are there di erences between catchments, but also between di erent locations, seasons and years (Göthe et al. 2013 , Er s et al. 2013 , Fernandes et al. 2014 , Heino et al. 2015c , b, Tonkin et al. 2015a ). This context dependency in stream metacom-285 munity organisation is proving a key challenge in developing our theoretical understanding of the factors shaping local communities in these systems.
The selected environmental variables tended to explain a greater proportion of the variation in biodiversity metrics than either catchment size or elevation in these datasets. This may reflect the largely impaired nature of these ecosystems. This finding contrasts with the 290 suggestion of Finn et al. (2011) that the positioning within a river network (i.e. headwaters vs. downstream) may override other factors (including stressors) shaping stream biodiversity, such as climate, flow and biogeography. The importance of neutral processes relating to river network structure have been clearly demonstrated. For instance, Muneepeerakul et al. (2008) predicted fish biodiversity patterns in the Mississippi-Missouri River System using a neutral 295 metacommunity model that included spatial and dispersal factors alone, which has been supported using experimental systems (Carrara et al. 2012) . Stream studies in relatively pristine regions also show clearly context-dependent patterns in associations between environment, space and biological communities (e.g. Heino et al. 2012 ). Streams are highly stochastic systems, with strong fluctuations in environmental conditions, particularly the flow regime 300 (Resh et al. 1988 ) with its associated substrate disturbance (Tonkin and Death 2012) . As a result, observed metacommunity patterns can fluctuate temporally in these systems (Göthe et al. 2013 , Er s et al. 2013 . A recent study focusing on partitioning environmental and spatial control demonstrated that stream metacommunities di er depending on the preceding flow conditions (Campbell et al. 2015) . This represents a key issue with one-o sampling, as 305 species that are present one year due to favourable preceding conditions can be missed the following year (Er s et al. 2013 , Andersson et al. 2014 ). Moreover, a potentially greater amount of variation might have been captured if we had incorporated chemical stressors in our analysis, but consistent data for these sites was unfortunately unavailable. Despite the lack of such variables, we were able to explain a sizeable portion of variation in our response 310 variables using the measured environmental variables.
Overall beta diversity was linked with regional environmental heterogeneity (Fig. S1 , Fig. S2 ), which reflects a greater availability of niches, and is consistent with many findings (see Heino et al. 2015d ). Nevertheless, greater gamma diversity did not emerge in more heterogeneous regions. Beta diversity can be promoted through a suite of di erent processes, 315 including dispersal limitation (Shurin et al. 2009 ), environmental heterogeneity (Heino et al. 2015d) , productivity (Bini et al. 2014) , and spatial extent (Heino et al. 2015e ). While it is well understood that communities are formed through an interplay between local and regional processes (Leibold et al. 2004) , we focused on local habitat conditions and catchment land use to explain biodiversity patterns in our study, which captured a substantial proportion of the 320 variability in biodiversity. The balance between local and regional processes may di er between di erent locations in the river network (Brown and Swan 2010) , and we thus incorporated elevation and catchment size as proxies for network position. While the relationship is likely scale dependent, within-stream habitat heterogeneity may in some cases be more important than regional-or landscape-scale factors in determining beta diversity of stream invertebrates 325 (Astorga et al. 2014) . Local habitat conditions have been clearly demonstrated as a key factor determining stream invertebrate communities in pristine streams , and the importance of land use in shaping stream communities is well understood (e.g. Harding et al. 1998) . In fact, local variables may override regional processes on stream metacommunities, where there is substantial heterogeneity in conditions across space and 330 time (Canedo-Arguelles et al. 2015) and if dispersal processes do not interfere with species sorting (Heino et al. 2015d ). Nevertheless, we predicted a decrease in beta diversity from headwaters downstream as, although streams are highly heterogeneous systems with strong di erences even between di erent ri es, this heterogeneity in both habitat and biota is likely to decrease downstream (Heino et al. 2004 , Finn et al. 2011 ).
In line with our hypothesis, our predictor variables were unable to explain as much variation in LCBD as for taxonomic richness or diversity. LCBD essentially represents the uniqueness of a community in relation to other communities within a metacommunity (Legendre and De Cáceres 2013) , and high values thus represent sites with highly unique communities. This of course can be used to identify sites with high conservation value (or restoration 340 potential in the case of species poor communities), those with invasive species, or those with unique environmental conditions (Legendre and De Cáceres 2013) . The poor link between environment and LCBD in our study potentially emerged through impacted species pools in this region, through a long history of anthropogenic modification. Göthe et al. (2015) came to a similar conclusion in a recent study on biodiversity patterns in streams of a region 345 with a long history of anthropogenic modification. Recent studies have clearly highlighted the importance of intact species pools for restoration to succeed (Sundermann et al. 2011 ), but also that anthropogenic degradation can alter associations between di erent species in streams (Larsen and Ormerod 2014, Tonkin et al. 2015b ). Nevertheless, the poor prediction of LCBD may also simply reflect the fact that it is a di cult metric to 350 explain, and the evidence is currently scarce as this metric is a relatively new measure of beta diversity (but see e.g. Silva and Hernández 2014, Lopes et al. 2014) . Furthermore, stream metacommunities can be notoriously di cult to predict, as evidenced by a recent global study that showed weak and variable patterns in the factors shaping beta diversity and community structure (Heino et al. 2015c) .
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Physical isolation is a key factor governing metacommunity dynamics (Driscoll and Lindenmayer 2009 ). Thus, we hypothesised that LCBD would decline downstream (i.e. with increasing catchment size), and alpha diversity would increase simultaneously. Substantial evidence exists that although headwaters may have lower alpha diversity (but see Besemer et al. 2013) , they contribute substantially to overall gamma diversity through high site-to-site 360 variation between streams (beta diversity) (e.g. Finn et al. 2011 ). Yet, we found no evidence to support this, with the only trend for LCBD being an increase downstream (i.e. with increasing catchment size) in one dataset. Göthe et al. (2015) also recently found no evidence of higher beta diversity in headwater streams in a degraded landscape. Higher beta diversity in headwaters is thought to emerge for a variety of reasons, including shorter environmental 365 gradients, and greater isolation and thus more influential dispersal limitation. These patterns may be reflecting the dispersal abilities of stream invertebrates, potentially overriding niche control through overcoming geographic barriers. However, the extent of interchange between headwater branches remains unclear and is likely species specific (Hughes 2007 , Geismar et al. 2015 . Headwaters are also thought to harbour more habitat specialists (Meyer et al. 2007 ), 370 which again should contribute to higher individual contributions to beta and gamma diversity. While environmental control may be greater in headwaters Swan 2010, Göthe et al. 2013) , as in most systems, headwater communities are governed by an interplay between local and regional (species pool) factors (Heino et al. 2003, Grönroos and Heino 2012) . Nevertheless, catchment size was a poor predictor in our study in general, with more regular and 375 clearer links found with elevation. Where a significant relationship between the two network location variables (i.e. catchment size and elevation) and biodiversity was present, biodiversity always increased.
One possible reason for a lack of association with catchment size is an uneven representation of sites along the full environmental gradient in our datasets (i.e. small headwater streams were underrepresented). However, while we had few streams of first order size, 41 sites in total had catchment sizes of less than 20 km 2 (all datasets had at least four sites smaller than this). Nevertheless, we believe we covered an adequate gradient to exert clear patterns along the river size gradient (from 7 to 280 km 2 ). At the heart of the RCC was the idea that environmental conditions change predictably downstream and lead to biodiversity 385 peaking in mid-order streams through greater environmental heterogeneity, with headwaters being relatively depauperate (Vannote et al. 1980) . Our results cannot refute this suggestion, but it may be that external stressors are influencing the context-dependent patterns in our system. The strong increase in biodiversity variables with elevation in a lot of cases may suggest better environmental conditions are available at higher elevations and that increas-
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ing stressors emerge in downstream sites. Nevertheless, we would still expect to see greater beta diversity at smaller catchment sizes and with increasing elevation. The promotion of beta diversity in isolated positions within dendritic networks is well supported, for instance in experimental protist metacommunities (Carrara et al. 2012) , and in field data of stream invertebrate communities (Finn et al. 2011 ).
River networks and other dendritic systems are unique systems for examining the processes shaping metacommunities. One of the key findings to emerge through considering rivers systems from a network perspective is the knowledge that headwaters are critical biodiversity reservoirs. However, we found no evidence to support this in our study, with no decline in LCBD downstream, and a much stronger role of local habitat and catchment land use 400 variables than catchment size and elevation (proxies of network position). We found highly context-dependent patterns between di erent datasets in our study. Context dependency is a clear challenge for the study of metacommunities, making extrapolation of findings beyond individual studies di cult and thus posing a key obstacle to overcome for the development of general ecological theories. Therefore, we urge researchers to continue focusing on disen-405 tangling the primary drivers of this variability between metacommunities through studies on replicate, rather than singular, metacommunities. 
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